Introduction
Sugar beet is a root crop widely cultivated in Europe and North America for sugar production. Twenty percent of the world's supply of sugar is derived from sugar beet [1] . One of the main Remote Sens. 2018, 10, 787 2 of 21 soil borne parasites that limits sugar beet production worldwide is the Beet Cyst Nematode (BCN), Heterodera schachtii. It is the most important pest of sugar beet [2] . BCN causes severe damage and significant yield losses of up to 60% [3] . In addition, this pathogen can infect more than 200 different plant species, making their management in the crop cycle a challenging task [4, 5] . Most nematode damage occurs belowground including reduction of beet growth and the appearance of many secondary roots to compensate for those infested by nematodes. BCN also causes shoot symptoms such as stunted growth, decreased chlorophyll content, and wilting of the canopy due to water stress [6, 7] . In the field, nematodes occur in patches and have very low mobility. This makes sugar beet breeding with respect to BCN infestation a good target for the use of non-destructive ground and aerial based phenotyping methodology in the field.
Apart from direct observation of nematode-induced damage in excavated roots, an indirect observation of belowground damage via performance of the aboveground shoot performance is the only way to address the severity of crop deterioration. Such assessment can be done via remote sensing methods. For nematode-induced stress, several sensor-based methods have been tested in a variety of crops such as potatoes, soybeans or sugar beet using ground and airborne platforms [8] [9] [10] [11] .
For differentiation of nematode infested and non-infested treatments under greenhouse and semi-controlled field conditions, ground based visible imaging has been successfully used on sugar beet [12, 13] . The canopy area of the plant can be robustly calculated and reflects root biomass in a variety of plant species [14] [15] [16] [17] . Phenotyping methods based on multi-and hyper-spectral measurements showed promising results for evaluating the symptoms caused by BCN on sugar beet plants under field and semi-controlled field conditions [11, 13] . These methods are based on the calculation of spectral vegetation indices (SIs). SIs are combinations of spectral bands that enhance the sensitivity to specific canopy characteristic while reducing the effect of non-desirable factors such as soil background [18] . In the field, the use of specific SIs has been reported to predict the final beet yield and the nematode population in the soil [19] . Schmitz et al. [20] reported the ability of aerial remote sensing thermography to detect changes in the canopy temperature of sugar beet plants infested with nematodes in the field. This increase in canopy temperature of the nematode-infested sugar beet plants was also observed in semi-controlled field conditions under artificial nematode infestation on nematode susceptible and tolerant cultivars [13] .
The recent technological advances in unmanned aerial vehicles (UAV), miniaturization of sensors and developments of software and algorithms enabled the application of digital imaging methodology from aerial view covering larger areas in a shorter time [21] [22] [23] . Recent work has demonstrated the ability of UAV coupled with a range of imaging sensors to provide suitable phenotype information for several purposes such as breeding support or precision farming and for different crops [24] [25] [26] [27] [28] . Very few studies have made use of the new technologies for investigation or detection of sugar beet BCN infestation in fields.
For aerial crop phenotyping, applied sensors and methodology comprise usage of visible, multi-to hyperspectral sensors [29] [30] [31] [32] , thermal imaging [31, 33] , and extraction of crop height information [34, 35] . Among the applications of UAV based phenotyping are detection of weeds, soil characteristics, water status, diseases, pest management and fertilization support or yield estimation [36, 37] . Nevertheless, robust and reliable extraction of information from airborne sensors remains one of the biggest challenges.
For visible and spectral images, information can be extracted by band combination math [29, 32] or via other methods such as partial least square regression [38] or machine learning algorithms [39] . Although SIs have been proven robust trait indicators in many studies, machine learning algorithms are not yet applied without task specific learning or calibration in agriculture. Thermal information can be retrieved from calibrated or non-calibrated cameras and often needs consideration of the actual weather conditions for correct interpretation. Crop or canopy height information can be extracted using "Structure from Motion" (SfM) algorithms subtracting the soil elevation model from the canopy elevation model. Although it is technically feasible, combinations of sensors have rarely been applied Remote Sens. 2018, 10, 787 3 of 21 for phenotyping tasks. The use of different sensors in combined or single mode and post processing methodology, SIs and SfM for instance offer a high return of information for applications in crop phenotyping and large-scale precision agriculture.
For crop breeding or research, such aerial-based information retrieval offers faster and more frequent measurements. For precision agriculture, it enables the evaluation of larger areas and the robust use of information for crop management decisions.
For the sugar beet BCN infestation scenario, aerial derived trait maps combined with a reduced number of soil samples in the field can confirm the presence of nematodes and allow exact determination of spatial distribution and density of nematode infestation in agricultural fields. Such knowledge may help to select the optimal sugar beet cultivar.
There is still a need to develop fast and reliable methods to evaluate the status of soil borne pathogen infestation such as BCN under real field conditions and give a first prediction of the yield potential. Applications would be profitable not only for breeding purposes but also for farmers to help for the selection of the best countermeasures such as crop rotation and the use of appropriate cultivars or catch crops.
The present study therefore investigates the ability of thermography, field spectrometry and aerial hyperspectral imaging to identify the stress caused by nematodes on susceptible and tolerant sugar beet cultivars in the field. More specifically, the main objectives were to (1) Compare the ability of thermography and spectrometry methods to discriminate and rank susceptible and tolerant sugar beet cultivars; (2) Evaluate the capability of the phenotyping methods to predict the sugar beet yield and (3) Validate the ability of aerial UAV-based and hyperspectral imaging to discriminate and rank susceptible and tolerant sugar beet cultivars and predict nematode population and final yield.
Materials and Methods

Experimental Site
Two sugar beet field trials were carried out side by side in 2016 in a field (0.4 ha) in Ober-Flörsheim (Rhineland-Palatinate, Germany) by the interest group for field experiments and extension in sugar beet ("Arbeitsgemeinschaft für Versuchswesen und Beratung im Zuckerrübenanbau Südwest"-ARGE Zuckerrübe Südwest). The site is located 49 • 68 N, 8 • 15 E at an altitude of 244 m above sea level. The field site was selected based on its natural infestation with BCN. The soil is a sandy loam (pH 7.5) containing 29.5 kg P 2 O 5 ha −1 , 45 kg K 2 O ha −1 , 9.2 kg Mg ha −1 . Fertilizer application followed best practice, with a base fertilizer application of 159 kg N ha −1 , 54 kg P 2 O 5 ha −1 , 96 kg K 2 O ha −1 and 24 kg Mg ha −1 prior to sowing on 24 March.
Herbicide was applied during the first two months after sowing to avoid the influence of weeds on the plant growth (18 April: 1.2 L ha −1 Powertwin Plus + 1.5 L ha −1 Goltix, (Feinchemie Schwebda GmbH, Eschwege, Germany); 2 May: 1.25 L ha −1 Powertwin Plus + 1.5 L ha −1 Goltix; 7 May: 0.5 L ha −1 Gallant, (Dow Agrosciences, Indianapolis, IN, USA); 17 May: 1.25 L ha −1 Powertwin Plus + 1.5 L ha −1 Goltix + 0.2 L ha −1 Tramat (Bayer Cropscience, Monheim, Germany). To control fungal pathogens one liter h −1 Spyrale (Syngenta AG, Basel, Switzerland) was applied twice during the season, on 19 July and 18 August. This management reflects conventional intensive sugar beet cultivation in the region.
The climate of the study area is temperate with a mean annual rainfall of around 611 mm. From sowing on 24 March until harvest on 6 October, mean minimum and mean maximum temperatures were 10.1 • C and 21.0 • C, respectively.
Experimental Design
Two trials were established in two separate block designs (Table 1 and Figure 1 ) with the initial purpose of the trial to compare susceptible and tolerant cultivars from the same seed provider; plots were gathered at the same locations in order to minimize the variability in nematode pressure. No gradients in soil conditions were observed within the experimental field. Individual plots were Remote Sens. 2018, 10, 787 4 of 21 three meters wide by eight meters long with a row distance of 0.5 m and a target sowing density of 11.1 seeds per m 2 . In trial 1, one susceptible and two tolerant cultivars were planted (Sus A, Tol A1, and Tol A2 from the breeder A). In trial 2, three susceptible and three tolerant cultivars were sown (Breeders B, C and D). In the present manuscript, A, B, C, and D are groups of cultivars corresponding to four different breeders (companies), supposedly reflecting different genetic backgrounds.
Sugar beet cultivars were randomized in a block design with 16 and eight replicates per treatment for experiments 1 and 2, respectively. Both trials were located in the same field. Figure 1 . Orthophoto of the experimental field extracted from the hyperspectral imager containing the experimental setup of the two investigated field trials (A); detail of the reflectance plates used for radiometric calibration as placed in the field (B); contour map of the initial BCN population density in the topsoil (0-30 cm) (C); The map was linearly interpolated from the 108 data points representing the sampled plots using the average of its neighbors for non-sampled plots. 
Plant and Nematode Evaluation
The trials were harvested 196 days after sowing (das) on 6 October 2016. Three middle rows were harvested for each plot (17 m 2 ). Final beet fresh weight and white sugar yield were determined for each single plot as described in Reuther et al. [40] .
The initial BCN population density (pi) in the different plots was assessed at the time of planting and the final BCN population (pf) was assessed at harvest. Soil cores were sampled in each plot with a hydraulic soil sampler (Nietfeld, DUOPROB 60-UP, Quakenbrück, Germany). Ten samples were collected and automatically separated in topsoil (0-30 cm) and subsoil (30-60 cm) in the soil sampler. They were mixed to obtain one topsoil and one subsoil sample of minimum 500 g each per plot. Samples were stored in the dark at 4 • C before analysis. The nematode population was evaluated using a method described by Grosse et al. [41] . Based on the observation that 50% of the dormant nematodes hatched, the nematode infestation levels were determined by multiplying the observed infestation levels by a correction factor of two [42] . Infestation level was expressed as the number of juveniles (J2s) of H. schachtii per 100 g of soil.
In-Field Measurements
Canopy height measurements were performed manually in the field 102 das using a ruler. Two measurements were taken from the middle of two rows, respectively on the first third of each plot and subsequently averaged (CH ruler ).
Thermal images were acquired 152 das using an infrared camera (Testo 885, Testo Ltd., Alton, UK), having a Si sensor with 320 × 240 pixels covering a spectral range of 8-14 µm, and a sensor sensitivity of <30 mK at 30 • C. As in a previous study [13] the thermal device was calibrated prior to taking pictures by setting up the emissivity to 96% and the reflected temperature compensation parameter to the current air temperature [43] . One picture was taken from the same side of each plot with an angle of 45 • at a height of 1.5 m above the ground. Canopy temperature (T C ) was determined by combining both thermal and visible images generated by the thermal camera. Temperature fluctuation in the field was assessed by evaluating the naked soil temperature (T S ) between rows with the thermal camera ten times during the measurements. On average, T S was 28.7 • C (±0.4 • C) and relative humidity was 54% at the time of measurement. Because of the stable ambient temperature (fluctuating less than 1.5%) during measurements no normalization to ambient temperatures was applied.
Spectral measurements in the field were performed at das 88, 102 and 152 during the plant development using a non-imaging spectro-radiometer (ASD FieldSpec ® 4, Analytic Spectral Devices, Boulder, CO, USA) with a spectral range of 350-2500 nm. Canopy spectra were acquired from nadir view of the plots at a height of 1 m above canopy with a 25 • field of view. For each plot, five spectra were randomly taken at distinct positions consisting of five spectral samples and averaged. Instrument radiometric optimization and reflectance calibration were performed each time prior to spectral sampling in every third plot using a Zenith Polymer ® (SphereOptics, Herrsching am Ammersee, Germany) 99% reflectance target as white reference.
UAV-Based Data Acquisition
Aerial image spectroscopy was acquired 102 and 152 das with a Gamaya OXI VNIR 40 camera system (Gamaya, SA, Lausanne, Switzerland) consisting of two individual cameras measuring 16 bands in the visible (VIS) and 25 bands in the near-infrared (NIR) range, respectively. The System was mounted on a Solo drone (3D Robotics, Inc., San Diego, USA). The camera system provides 40 spectral bands between 475 nm and 875 nm with a full width half maximum (FWHM) ranging from approximately 15 to 25 nm. It was equipped with 25 mm focal length optics. The images were captured from an altitude of 80 m with at least 75% overlap and 60% sidelap. VIS and NIR images were de-convolved with the Sprocket software provided by Gamaya, using the raw images and a camera specific calibration profile resulting in two megapixel images (2048 × 1088 pixels) for each camera. Both sets of images were processed in Agisoft Photoscan Professional (v. 1.26, Agisoft, LLC, St. Petersburg, Russia) resulting in a digital surface model (DSM) and an orthophoto for VIS and NIR, respectively. Geometrically correct overlay was facilitated using virtual markers such as distinctive field (stones, plot corners) or infrastructure (street breaks or gully covers) features.
Reflectance computation was also done with the Sprocket software from Gamaya and the final hypercube was exported as a band interleaved by line (bil) format. Three targets of different reflectance were placed in the field, measured with the ASD spectro-radiometer and selected in the hypercube (Figure 1 ). The radiance spectra of those targets, as seen by the hyperspectral camera, are then used to estimate the most likely sunlight spectrum, which is assumed constant throughout the data acquisition. The sunlight spectrum can be estimated for each target, by dividing for each band the target's radiance from the camera by its known reflectance measured in the field. As three different targets were used, the three sunlight estimations were fused into the most likely one through the least square regression function in the sprocket software.
Regions of interest (ROI) reflecting individual plots were manually identified on the hyperspectral images using the ENVI software (v. 5.1, Harris Corporation, Melbourne, FL, USA). For each ROI, the average spectrum was extracted. At 102 and 152 das, canopy height measurements were extracted from the DSM computed from the hyperspectral drone images (CH DSM ). CH DSM for each plot was calculated as the difference between the average canopy elevation extracted from a ROI on the first third of the plot (1.8 m 2 , 3500 pixels ± 500) and the average soil elevation extracted in front of each plot (1.8 m 2 , 3500 pixels ± 500), respectively.
For each date of measurement and each plot, 123 published SIs were computed using the field spectrometer measurements. Seventy-seven SIs (reduced spectral range) were calculated from the hyperspectral images using the closest available channels for the SI calculation. The number of SIs was reduced subsequently for both spectral devices using a correlation matrix as described by Joalland et al. [13] to a small number of SIs, reflecting a range of traits, selected for further analysis ( Table 2 ). In brief, SIs highly inter-correlated to each other (Pearson's correlation coefficient p > 0.8) were grouped. One SI was then selected for each group. Selected SIs reflect the broad range of traits for which the SIs were initially developed. 
Statistical Data Analysis
Data were analyzed with the statistical program R [54] . Beet fresh weight, white sugar yield and BCN population were exposed to analysis of variance (ANOVA) at a significance level of 0.05. ANOVA was used to compare and differentiate the cultivars for the computed or measured traits. PCA (Principal component analysis) was performed using the main selected phenotyping parameters computed from the infield measurements (thermal images and field spectrometer) and the UAV hyperspectral imager respectively.
To build decision trees we used the WEKA software (The Waikato Environment for Knowledge Analysis v. 3.8, 2016) and the J48 algorithm [55] . The decision trees were calibrated and cross-validated using an n-fold approach with n = 10 [56] . This cross-validation is considered as a conservative estimation of model accuracy. The total dataset was partitioned into 10 groups and 10 new subsets of the total were created using nine out of the 10. Ten test trees were then built using the reduced datasets; the unused 10% in each case was used to compute the classification error for each tree. Once the 10 test trees were built, their classification error rate as a function of tree size was averaged. Finally, the reference tree was pruned to the number of nodes matching the size that produced the minimum cross validation cost [57] . The decision trees were built for two sets of data: (1) Ground phenotyping (123 SIs, T C and CH ruler ) and (2) UAV derived parameters (77 SIs, CH DSM ) at 102 and 152 das.
Results
Spatial BCN Distribution in the Field
The spatial distribution of the initial BCN population density varied strongly throughout the experimental field (Figure 1 ). At sowing, BCN population densities ranged from 306 to 2284 J2s per 100 g of the topsoil and from 320 to 3457 J2s per 100 g in the subsoil. Overall, BCN population distribution was relatively even and high, with 90% of the plots infested with more than 600 J2s per 100 g of soil ( Figure 1c ).
The initial BCN population density per treatment (cultivar) varied from 814 to 1283 J2s per 100 g soil on average in the topsoil (CV of 15%) ( Table 3 ). There was no significant difference between the initial BCN infestations of the treatments, which were all affected by a high BCN pressure on average. The ratio pf/pi is an indicator for reproduction and represents the ability of the cultivar to prevent nematode reproduction in the roots [58] . The reproduction index pf/pi in the topsoil was on average 1.1 for the tolerant cultivars and 8.6 for the susceptible cultivars ( Figure 2 ). Tolerant cultivars B and D performed the best with an average pf/pi ratio below one (0.65 and 0.55, respectively).
Beet Fresh Weight and Nematode Population
The tolerant cultivars produced higher beet fresh weight (BFW) than the susceptible cultivars. The highest white sugar yield (WSY) of 17.17 t ha −1 was observed for the tolerant cultivar D. On average, BFW and WSY were significantly higher for the tolerant cultivars compared to the susceptible ones (on average +18% and +17%, respectively). There was no significant correlation between the initial BCN population density and the yield of the different cultivars. Thus, we assume yield differences between cultivars were not caused by differences in initial BCN population density but by differences in the cultivar response to nematodes.
For both susceptible and tolerant cultivars, final beet fresh weight was not significantly correlated with the pf/pi ratio (Figure 3 ). However, there was a trend showing that the more nematodes reproduce in the roots, the higher is the yield-reducing effect. This trend was higher for the susceptible cultivars (R 2 = 0.58, p = 0.24) than for the tolerant ones (R 2 = 0.28, p = 0.37). 
Canopy Height Measurements
CH DSM and CH ruler showed a good correlation 102 das (R 2 = 0.55, p < 0.01) demonstrating that the DSM derived from a UAV platform is a valuable source to evaluate the canopy height (Figure 4a ). The error on the canopy height evaluation was less than 3 cm. The DSM tends to underestimate the CH ruler by 14.5 cm measured in the middle of rows. However, the amount of CH ruler measurements was limited in number due to the need for physically entering the field and plot. The relatively high underestimation is likely caused by the selective use of the middle row height only for CH ruler , being higher than the average plot height reflected by CH DSM because inter-row height were not measured on the ground. Nevertheless, CH ruler reflects a genotype specific height measure sufficient to differentiate tolerant and susceptible genotypes. Therefore, we consider CH DSM as equivalent or even better.
Sugar yield prediction power using CH DSM extracted 152 das was weak but significant (R 2 = 0.39, p < 0.01).
However, CH DSM of the tolerant cultivars was significantly higher than the CH DSM of the susceptible ones at the two dates of measurements (Figure 4d ), which was not the case for CH ruler , where no significant differences were observed between the two types of cultivars 102 das (Figure 4c ). Interestingly, CH DSM of susceptible cultivars was significantly lower by 1.4 cm at the measurement on 152 das, while CH DSM of the tolerant cultivars significantly increased by 3.6 cm during the same time. 
Thermography
Canopy temperature (T C ) allowed us to rank cultivars according to their ability to cool down under moderate environmental stress (T AIR 28.7 • C, RH 54%). Average T C of the susceptible cultivars was significantly higher than T C of the tolerant ones (24.7 • C ± 0.1 vs. 23.8 ± 0.1 on average). The average cooling effect of the tolerant cultivars was 5.4% higher than that of the susceptible cultivars (data not shown). Three susceptible cultivars displayed the highest T C (Figure 5 ). Susceptible cultivar D displayed a T C similar to the tolerant cultivars. Relationships between T C and sugar yield are presented at the plot and cultivar levels in Figure 6 . At the plot level, high correlations could be observed between the canopy temperature and the white sugar yield for the susceptible cultivars (R 2 = 0.40, p < 0.01). The correlation was very high at the cultivar level for the susceptible cultivars (R 2 = 0.99, p < 0.01). In contrast, no correlation between T C and final yield could be observed for the tolerant cultivars. 
Spectrometry and UAV Hyperspectral Imaging
Discrimination of Susceptible and Tolerant Cultivars
We found several SIs suitable for discriminating susceptible and tolerant cultivars of each group for both field spectroscopy and UAV hyperspectral imaging (Table 4 ). The selected SIs reflect plant traits such as leaf chlorophyll and water content, leaf area index, and biomass which are expected to be affected by severe BCN infestation. Surprisingly, it was not possible to find SIs to significantly discriminate susceptible and tolerant cultivars at 88 das; this was likely related to the subtle or small differences related to the small plant size in early growth stages. For later stages, the SIs HI, CHLG or 780/700 were particularly suitable for differentiating susceptible and tolerant cultivars over two dates of measurements and three different cultivars. After 102 days, the main differences between susceptible and tolerant cultivars were related to biomass (NDVI), chlorophyll content of the leaves (780/700, CHLG) and general stress (HI). At 152 das, susceptible cultivars could also be differentiated from the tolerant ones using the SIs related to water content (NDWI 1650 , NDWI). The range of the hyperspectral imager on the UAV did not include short wave infrared bands, which prevented the calculation of spectral indices related to the water absorption bands. SIs extracted from the UAV hyperspectral device were not able to differentiate between the two types of cultivars from group C. 
Correlations with the Yield in Susceptible and Tolerant Cultivars
Best correlations between SIs and the final sugar yield were obtained for susceptible cultivars ( Table 5 ). Correlations were higher using SIs from the field spectrometer than from the hyperspectral imager. For the imager, significant correlations to sugar yield were only found after 102 days. Already after 88 days, SIs related to chlorophyll content (780/700, CHLG) or water content (NDWI 1650 , WI) allowed to predict the final sugar yield for the susceptible cultivars (Table 5 ). Correlations between SIs and final yield were lower for the tolerant cultivars at the two first dates of measurements. 152 das prediction of yield was good for both types of cultivars. 
Field Spectrometer versus UAV Hyperspectral Imager
Good correlations were observed for the determination of the CHLG index between both spectrometers at the two dates of measurements (Figure 7) . Other indices related to chlorophyll (780/700, ANTH) or photosynthesis (TGI) were well correlated after 152 das. The two methods differed significantly in terms of the values of HI. At 102 das, values of most of the indices were not consistent between both sensors. 
Multivariate Analysis
Studying single parameters allowed to differentiate between susceptible and tolerant cultivars from the same group and to predict yield with a fairly good accuracy. Multivariate analysis allowed us to go further and discriminate between the type of cultivars independently from the group.
Two PCA were performed separately using ground data (PCA ground ) and UAV data (PCA UAV ) on the third date of measurements 152 das (Figure 8) . Sugar yield and beet fresh weight were used as explanatory variables. In the PCA ground , 81% of the variance is explained by the two first principal components (Figure 8a,b) . Results confirmed that high canopy temperature is correlated to yield reduction. Canopy temperature and HI appeared particularly suitable for differentiating susceptible and tolerant cultivars (Figure 8a) . Cultivars from breeder A and D could be easily discriminated using indices related to chlorophyll (CHLG, 780/700, TGI) and biomass (NDVI) (Figure 8b) . Cultivars from the two other companies showed a similar profile in terms of canopy reflectance. Overall, principal component F2 represents the ability of the sugar beets to tolerate nematodes while principal component F1 seems more related to the genetic background of the plants. graphs (B,D) ). Each data point represents one field plot (n = 96).
The differences observed between PCA ground and PCA UAV confirms the low correlations between SIs computed from the field spectrometer and from the UAV hyperspectral imager. Variables used did not allow us to discriminate easily between the types of cultivars (Figure 8c ). One reason is surely the missing thermal data at the UAV level. Another reason is that height measurements at ground level were not sufficient to reveal genotypic differences between the investigated sugar beet types, which in contrast UAV-based height measurements could show on plot level. PCA UAV confirmed the close relationship between canopy height and sugar yield at this advanced stage of the sugar beet growth. Cultivars from groups A and D could be differentiated using CHLG and TGI indices confirming the good ability of chlorophyll related indices for the characterization of genetic background.
Decision Trees
The univariate decision trees (UDT) were used to classify sugar beet according to the type of cultivar (susceptible or tolerant) or the genetic background (breeder) using multiple traits. The cross validation produced accurate results without an independent dataset for assessing the accuracy of the model [59] . We found that decision trees could classify cultivar type and genetic background using just a few parameters ( Table 6 ). Model accuracy was very similar using parameters evaluated at the ground level and information sensed with the UAV hyperspectral imager. Average cultivar classification accuracy was 77% and 83% on 102 and 152 das, respectively. Classification of plots was slightly higher for the type of cultivars compared to the genetic background of the cultivars. Overall coefficients of agreement were good. The Kappa coefficient varied from 0.46, which can be considered as a "moderate" agreement to 0.74, which corresponds to a "substantial" agreement [60] . Table 6 . Decision tree classification accuracy (10-fold cross-validation) for cultivar BCN tolerance type and genetic background (breeder) using ground data and UAV-based imager data. Kappa coefficient represents the degree of beyond-chance agreement. 96 plots were considered in the analysis. Interestingly the best classification between tolerant or susceptible cultivars was obtained 152 das using the UAV information with 88%. The UDT using UAV based data for the classification of susceptible or tolerant cultivars used the CH DSM as a main parameter for classification. This was not the case for the classification according to the genetic background. Overall, information related to vegetation density, height, water content and pigment content in the leaves were suitable for cultivar type classification (see the Supplementary Materials). Physiological information related to photosynthesis, canopy temperature, nitrogen content and water content were selected in the UDT to differentiate genetic backgrounds.
Trait Detection Level
Discussion
The results of this study demonstrated that ground-based and airborne phenotyping methods including imaging, spectrometry and thermometry can be used in the field to evaluate the level of beet cyst nematode (BCN) tolerance of sugar beet cultivars and predict sugar yield.
Infestation levels observed in this field study can be considered as moderate to high. The tolerance limit, which is the nematode population below which no damage is detectable, could not be precisely evaluated in this study. However, it is estimated to be between 300 and 1000 J2s per 100 g of soil for the nine cultivars according to the field location and soil temperatures observed during the season [61, 62] . Under such nematode stress, it was possible to rank cultivars according to their ability to withstand or recover from the nematode attack and yield well. As expected, the five cultivars described as tolerant showed higher yield than the ones known to be susceptible [63] . The high nematode multiplication rate observed in the four susceptible cultivars is aligned with the lower yield observed for these cultivars. Interestingly, two tolerant cultivars (B and D) presented a multiplication rate below one, indicating them as resistant since they decreased the nematode population in the field [40, 64] . Cultivar D combines high tolerance (high yield under nematode infestation) and high resistance (prevention of nematode multiplication), which is of advantage for use in infested fields. No significant correlation could be found between the initial number of BCN and the final yield. This was also shown by Reuther et al. [40] and may possibly be explained by the range of initial BCN population in the field, which was above the damage threshold.
Canopy height extracted from the DSM allowed us to differentiate between susceptible and tolerant cultivars which was not the case for the manual measurements CH ruler . Since CH DSM takes approximately 3500 pixels representing single height estimates it can be assumed that the derived average canopy height is more realistic compared to the too few ground measurements per plot. This clearly shows a benefit of UAV-based imaging evaluation of traits such as canopy height that require lots of time and effort for manual evaluation in the field. The higher CH DSM differences between susceptible and tolerant cultivars observed 152 das can be explained by the higher nematode effect on susceptible cultivars, which increased over the season in contrast to the tolerant ones. However, DSM estimates can likely be improved with a higher overlap of images and crosswise flight paths and eventually a lower flying altitude. Additionally, stationary markers as used in [35] for geo-localization will further improve UAV-based height measurements. Such markers will also facilitate automated feature extraction based on geo-coordinates and thus reduce data extraction time.
The canopy temperature (T C ) showed high potential for classifying cultivars according to their susceptibility or tolerance to nematodes. Three out of four susceptible cultivars had the highest T C , reflecting the lower ability of these plants to transpire water and thus cool down. T C is closely correlated with the prevailing temperature of the local environment, the leaf transpiration rate and the stomatal conductance [30, 42, 65, 66] . BCN damage in the roots decreases water uptake, which subsequently reduces the leaf transpiration rate and results in a higher T C [67] [68] [69] . The high correlation observed between TC and final sugar yield for the susceptible cultivars likely reflects the nematode damage effect. The higher the BCN damage on the roots is, the higher is the T C . Schmitz et al. [20] and Joalland et al. [13] had similar results for susceptible cultivars under field and semi-field conditions, respectively. That no correlation was observed for tolerant cultivars is likely related to the less affected water uptake and transpiration rate compared to those of susceptible cultivars [70] [71] [72] . Thus, T C is suitable to determine the level of susceptibility but less for determination of tolerance level or to predict final yield.
SIs were found to be useful indicators for quantitative and qualitative evaluation of the sugar beet canopy. Under moderate to high BCN infestation, single SIs related to chlorophyll content (CHLG), photosynthetic activity (PRI), plant biomass (NDVI) or general stress (HI) were able to discriminate tolerant and susceptible cultivars from the same breeder (same genetic background). This is in line with many studies using spectroscopy methods to investigate genotype trials or plant stress detection [11, 19, 27, 53] . Thus, for crop improvement studies or other experimental trials, spectrometry and/or spectral imaging is a fast and reliable screening method to characterize and rank different cultivars from the same genetic background according to their reaction to treatments or stresses. Here, we were able to demonstrate this for sugar beet cultivars and for their ability to tolerate nematodes. Yet, when the genetic background between cultivars differed widely (namely between cultivars from different seed companies), it was not possible to use a single SI to robustly discriminate the tolerant and susceptible cultivars. Here, the use of several relatively independent SIs was needed to identify the type of cultivars under BCN infestation. Combining SIs and thermal information integrates various aspects of plant growth and development such as canopy structure, biomass, pigment and water content, and photosynthetic activity, so such a combination can be a powerful tool to classify cultivars, even in experiments incorporating high genetic diversity.
In this study we combined the various measured parameters by using decision trees. After 152 days, CH DSM , chlorophyll-and water-content-related SIs were essential for discrimination between susceptible and tolerant cultivars, which demonstrates the high diversity and non-specificity of nematode-caused symptoms [6] .
Interestingly, cultivars from group A and group D could be classified with high accuracy. This is clearly reflected in the PCA where plots from both groups were separately clustered. Such results illustrate the high variability caused by the intrinsic genetic background of each breeder, which is reflected in the plant physiology (water content, pigment concentration, photosynthetic activity) and plant performance (CH DSM , biomass). Cultivars that were bred using different germplasm pools may display very different reflectance spectra although depicting a similar tolerance level. While CH DSM appeared as an important parameter for the cultivar type classification, it was not useful for classification of the breeder.
SIs related to leaf chlorophyll showed high correlations with the final sugar yield for all ground and aerial measurements for the susceptible cultivars. This observation is consistent with the observation that more nematode damage on the roots triggers more visible symptoms on the shoots and thus causes yield reduction. As early as 88 das, SIs related to nitrogen status and water content such as 780/700 and NDWI, respectively could be used to predict yield with high precision.
Hillnhütter et al. [19] also showed correlations between water content or leaf pigment related SIs and beet fresh weight in an infested field. However, yield prediction on tolerant cultivars was best after 152 days, when environmental conditions were more constraining (air temperature 28.7 • C, RH 54%) and likely the nematode stress affected the sugar beet growth for a longer period making differences more pronounced. Such moderate environmental stress as observed in this field study was obviously increased by the nematode stress and allowed to significantly differentiate tolerant cultivars and better predict final yield. Stronger symptoms were also observed on a tolerant cultivar under semi-field conditions when drought stress was higher [13] .
The data obtained from the field spectrometer and the hyperspectral imager were not consistently correlated, which is also reflected by the differences observed between PCA computed with ground and UAV data. Such partly mismatch can be explained by differences between sensors and the measurement and calibration procedure. The instruments used have different sensor and filter technology causing different spectral resolution and spectral response, which causes the slightly altered shape of the derived spectra. The field spectrometer had a very high resolution, while the hyperspectral imager had a lower spectral resolution. As a consequence, some SIs, such as HI, were computed using slightly different bands, which resulted in low correlation between them [19] . In addition, the ground sampling resolution differed between the two measurement approaches. Whereas the average spectra per plot for the field spectrometer are the average of five point measurements with a footprint of about 50 cm diameter at random locations in each plot, the plot spectra obtained from the hyperspectral imaging were an average of thousands of pixels with an instantaneous field of view (ifov) of two cm. Further, the processing and calibration steps of both instruments differ. The field spectrometer is calibrated every 15 measurements (every three plots) using a white reference. The hyperspectral images are orthomosaicked using structure from motion procedures in Agisoft software before being calibrated to reflectance with a partial least squares regression using three reflectance panels differing in absolute reflectance intensity (Figure 1 ). Better understanding of the procedures in the sensors used and the consequences for the resulting measurements will surely improve the use of aerial imaging methods in the future. First attempts can be seen in the standardization of calibration methodology and cross validation [73] .
Although SIs computed from the field spectrometer and from the spectral imager were not fully consistent, results and conclusions regarding the sugar beet phenotype were similar. Both tools were able to detect stress caused by nematodes and predict the final yield. This showed the great potential of UAV hyperspectral imagery to generate maps of nematode symptoms and yield potential of sugar beets with a high throughput. Such maps, combined with a reduced number of soil samples in the field to confirm the presence of nematodes, allow determination of spatial distribution and density of nematode infestation in agricultural fields. Such knowledge may help to select the right countermeasure such as optimized crop rotations or use of catch crops or appropriate tolerant sugar beet cultivars. For breeding purposes, such technology can make selection monitoring more efficient and thus accelerate crop improvement [74] . In our experimental field, tolerant and susceptible cultivars could be classified with an accuracy of over 80% on average. Specific SIs alone or combined and added to canopy height and temperature information have the ability to quantify traits related to BCN damage and to final sugar yield. Cultivar response to nematodes can be deduced in a fast and efficient manner and might be linked to physiological traits such as chlorophyll and water content, plant biomass or photosynthesis rate. Such a targeted analysis of traits will significantly improve the efficiency of sugar beet breeding for nematode tolerance and resistance.
Conclusions
Remote sensing methods were able to identify BCN symptoms on sugar beet plants and discriminate the type of cultivars under real field conditions. While thermography appeared suitable for yield prediction on susceptible cultivars only, field spectrometry and aerial UAV hyperspectral imaging were able to predict yield on susceptible and tolerant cultivars, likewise. Despite disparities in spectral and spatial resolution, both spectral tools can be used to characterize nematode symptoms and classify cultivars. Multivariate methods were precious tools to identify genetic backgrounds of the sugar beet cultivars and their ability to tolerate nematodes using a diversity of spectral indices. The UAV equipped with a hyperspectral imager proved to be a valuable tool for BCN stress diagnosis in the field and for improving breeding efficiency facilitating the monitoring of multiple traits at the same time and potentially at multiple sites. The most valuable remotely sensed traits to monitor for BCN tolerance and yield potential were canopy height, spectrally inferred chlorophyll content, leaf area or biomass, and canopy temperature.
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